Workers in microtask crowdsourcing systems typically consume different types of tasks. Task consumption is driven by the selfselection of workers in the most popular platforms such as Amazon Mechanical Turk and CrowdFlower. Workers typically complete tasks one after another in a chain. Prior works have revealed the impact of ordering tasks while considering aspects such as task complexity. However, little is understood about the benefits of considering task similarity in microtask chains.
INTRODUCTION
Crowdsourcing has evolved rapidly over the last decade and presently accounts for a multi-million dollar marketplace. There is a wide variety of Human Intelligence Tasks (HITs) which are typically crowdsourced. Thousands of diverse workers with different motivations complete HITs on crowdsourcing platforms based on availability, their eligibility to participate, and a number of other variables that drive the market dynamics [9] . In such a diverse environment, the role of parameters affecting efficiency and accuracy of workers gain significance and need to be studied in order to improve the overall effectiveness of the paradigm [15] . Task consumption in microtask crowdsourcing platforms is largely driven by a selfselection process, where workers meeting the required eligibility criteria select the tasks that they prefer to work on. Moreover, prior works have established that, during the course of completion of a variety of tasks, workers tend to perform better with experience due to learning effects [8, 11] . Thus, understanding the factors that drive dynamics of learning and devising intelligent task chaining techniques can augment the quality of contribution of workers in microtask crowdsourcing platforms.
In this paper, we focus on understanding the similarity between HITs and the role of task similarity in shaping market dynamics and outcomes. The study commences by identifying different similarity dimensions and their influence on overall similarity of a task pair. Using the above dimensions as key ingredients, we propose a supervised machine learning model to predict similarity of any given task pair. After this, we move forward and investigate the effects of task similarity on significant parameters like worker satisfaction, boredom, fatigue, and task completion time.
Definition : The similarity of a task pair can be defined as the degree of resemblance between two tasks, i.e., the extent to which they are identical in nature. Research Questions and Original Contributions. This paper aims at filling this knowledge gap by contributing novel insights on the nature and importance of task similarity in microtask crowdsourcing. By combining qualitative and quantitative analysis, we seek to answer the following research questions.
RQ1:
What are the different dimensions of similarity between two HITs? How much influence does each dimension have on the perceived similarity of a HIT pair?
Through a study of 100 workers on CrowdFlower (Study I), we identified key dimensions of similarity between microtasks and Session 4: User Behaviour HUMAN'18, July 9, 2018, Baltimore, MD, USA their corresponding influence in the overall task similarity perception of workers.
RQ2: How can we model the overall similarity between two HITs?
We used a supervised machine learning model and proposed features to predict the workflow and topic similarity of any given task pair. Building on our findings from Study I, we propose a weighted sum of task similarity over individual dimensions as the overall task similarity of a pair of tasks from a holistic standpoint. Our proposed stochastic gradient descent regressor model results in predicting task similarity accurately, with a mean average error of 0.68.
RQ3:
What is the effect of task similarity on worker retention, worker satisfaction, boredom and fatigue?
Our studies reveal that ordering tasks in a chain according to overall task similarity results in improved accuracy, but at the cost of inducing boredom.
RELATED LITERATURE 2.1 Task Chaining and Complexity
Crowdsourcing microtasks are small units of work designed to be completed one bit at a time, eventually contributing to a much larger goal. Although they can be performed in isolation, in practice people often complete them one after another, in a chain [4] . Prior research has shown that task ordering or chaining has a profound impact on worker performance [4, 21] . This is because transitions between consecutive cognitive tasks have measurable effects on ongoing mental processes. Related literature in psychology suggests that the contribution ability of workers tends to wane and become more error-prone while switching between tasks, when compared to a single task scenario. This can be accounted by re-configuration of physical and psychological parameters to adapt to new task at hand [19, 25] .
Task complexity has undoubtedly turned out to be an integral parameter driving the performance of workers on crowdsourcing platforms. Research work in the field of task chaining with respect to complexity revealed that lead-up microtasks have a significant impact on momentum and performance of workers performing a final task. Authors also proved that while the same operation chains aid in the efficiency of simple microtasks, same content chains might help alleviate mental burden on more complex microtasks [4, 26] . Therefore, task chaining has to be operationalized with a broader set of dimensions under consideration. In this paper, we extend such prior work by investigating the role of task similarity in microtask chains. In contrast to prior works, we propose a holistic definition of task similarity between a pair of tasks.
Workflows and Task Clarity
Task Clarity is also perceived as a worthwhile parameter affecting worker performance. Several authors have stressed about the positive impact of task design, clear instructions and descriptions on the quality of crowdsourced work. As per studies carried out in this domain [14] , clarity was found to have direct relationship with cognitive load experienced by workers pursuing a continuous sequence of tasks, thus forming a quantifiable influence on performance.
Workflow of tasks can potentially affect worker performance in task chains. Task workflows can be defined as a sequence of steps that are required to be performed in order to complete a given task. Frequently, a task requester experiments with several alternative workflows to accomplish the task, but choose a single one for the production runs that workers can follow. Several works in the past have addressed the importance of good workflows. Workflows that create short-term goals have been shown to help workers by increasing the perceived likelihood of success [1, 10] . Lin, Mausam and Weld showed that selecting a single best workflow is suboptimal, because alternative workflows can compose synergistically to attain higher quality results [17] . Moreover, collaborative workflows have also been explored to bring about better overall performance [3] .
Recent work has sought to improve workers' experiences with microtasks by inserting micro-diversions to provide timely relief during long chains [6] . Large organizations have explored redesigning assembly lines to build task specialization while still enabling task switching and creativity [2] . On crowd platforms, priming effects [20] and monetary interventions [27] can also improve performance.
In summary, prior works have touched upon some of the similarity dimensions individually and its effects on engagement of workers. Moreover it has also portrayed the importance of task chaining in a macro-scale crowdsourcing environment. In this paper, we build on the current understanding of crowd work and conceptualize task similarity as a worthwhile parameter in microtask crowdsourcing.
STUDY I : DIMENSIONS OF SIMILARITY
In this pilot study, we aimed to identify different dimensions of task similarity and their influence on the overall perceived similarity of a task pair (RQ1).
Methodology
To address RQ1, we manually identified a set of different dimensions based on which two tasks can be considered to be similar. These dimensions included the workflow of tasks (i.e., the steps required to complete the tasks successfully), topic of tasks (i.e., the topic(s) related to the content of the task), time required to complete the tasks, time available to complete the tasks, batch size of tasks, the associated monetary reward, type of data in the tasks (i.e., text, images, audio/video), task metadata such as title, description and keywords, and the country of origin of the task requesters. In light of prior works, we also considered similarity based on task types (proposed via a goal-oriented taxonomy of microtasks [12] ), similarity based on task complexity [26] , and on task clarity [14] . The different dimensions we considered are presented in Table 1 .
We then designed and deployed a survey on the CrowdFlower 1 platform. In this survey, workers were asked to rate the influence of different dimensions on the overall perceived similarity of a generic task pair, on a 7-point Likert scale (from 1: No Influence to 7: High Influence)
. In an open-ended question, workers were also asked to suggest any missing dimensions and the extent to which such dimensions influenced the overall similarity of a task pair. In order to detect untrustworthy workers and ensure reliability of responses, the survey was designed by following the guidelines proposed by Gadiraju et al. for running crowdsourced surveys [13] . To further ensure reliability, we restricted the participation of workers to Level-3 workers 2 on CrowdFlower.
On average, workers took 3.68 minutes to complete the survey and were compensated at an hourly rate of 7 USD. Responses from 100 different high quality workers were thus collected and aggregated, obtaining the following results.
Results
Workers in general did not mention any influential dimension of similarity that they felt was not reflected in the set of 12 similarity dimensions presented to them. Therefore, we limit our analysis to these. To compare the effect of the similarity dimensions on the overall perceived similarity of a pair of tasks, we computed a oneway between workers ANOVA across the 12 similarity dimensions considered. We found significant differences in the influence of the dimensions on the overall perceived similarity across the 12 conditions at the p < .001 level; F (11, 1199) = 10.479. Post-hoc comparisons using the Tukey-HSD test revealed that workers believe the task type of tasks and workflow influence their perception of similarity to a significantly greater extent 3 than task complexity * * , reward * * , batch size * * , time required * * , time available * * , and country of requester * * . Workers believe that the type of data in tasks influences their perception of similarity to a significantly greater extent than time required * , time available * , and country of requester * * . We found that the topic and metadata of the tasks were significantly more influential dimensions of similarity in comparison to the country of requesters * * . Finally, task complexity and the associated monetary reward were deemed to be significantly more influential in determining the overall task similarity than the type of data in tasks * .
Having identified a set of dimensions that influence the overall perception of task similarity, we aim to model task similarity between a pair of tasks next.
STUDY II : MODELING TASK SIMILARITY
In this study, we aim to propose a supervised machine learning model to predict overall similarity of a task pair (RQ2).
Methodology
To address RQ2, we adopted the following steps:
(1) Establishing ground truth for perceived task similarity.
(2) Modeling overall similarity of a task pair based on the different dimensions of similarity studied earlier. 
Establishing Ground Truth
To train a supervised model, we needed to establish ground truth for the overall task similarity between pairs of tasks. For this purpose, we considered the publicly available dataset of tasks sampled from Amazon Mechanical Turk used by Yang et al. to model task complexity in their work [26] . The dataset comprises of 61 distinct tasks of different types, as shown in Table 2 . We re-instantiated all 61 tasks and hosted them on an external server. Next, we designed and deployed a task on CrowdFlower to acquire similarity ratings from workers on different task pairs. We considered all possible pairs from the set of 61 tasks in the AMT dataset, resulting in 1,891 task pairs. In each case, workers were provided with links to the pair of tasks, asked to explore the tasks and then rate the (i) workflow similarity, and (ii) topic similarity of the given pair. To detect untrustworthy workers and ensure reliability of responses, we included test questions with priorly know answers [13, 22] . We also restricted the participation to Level-3 workers on CrowdFlower. We gathered 3 responses for each task pair, and workers were compensated with monetary rewards at the hourly rate of 7.5 USD. Task pairs corresponding to at least one response from an unreliable worker (who failed to answer at least one test question correctly) were discarded. Thus, 1,877 task pairs were selected for learning the model.
Task Similarity Based on Individual Dimensions
Next, we computed the similarity of the task pairs with respect to each of the individual dimensions described earlier.
Task type similarity: The goal-oriented task types of each of the 61 tasks in the dataset were determined according to the taxonomy proposed by previous work [12] . Considering two generic tasks P and Q, with their corresponding task types, we compute the task type similarity TT S (P,Q ) as follows -
1 if the task types of P and Q are different 7 otherwise
We use the extremities of the 7-point Likert scale used to build our ground truth to ensure adequate distinction between a pair of tasks, even if tasks are identical with respect to all other dimensions.
Workflow similarity: We propose a supervised machine learning model for computing workflow similarity between two tasks. To learn the model, we rely on the workflow similarity labels acquired from workers for each task pair as described earlier. Considering tasks P and Q, the similarity between the task pair based on each parameter (shown in Table 3 ) except the goal-oriented task type were calculated as follows -
where u denotes the absolute value of parameter i of P, v denotes the absolute value of parameter i of Q and f denotes the mean normalization function. Our rationale behind choosing such a function was to ensure a considerable difference in similarity scores even after mean normalization of the difference. As cosh is a monotonously increasing function with steeper slopes at higher values, the mean normalized value of task P will not be in the close neighborhood of that of task Q. Task type similarity was calculated using Eq. 1. These similarity values were fed into a stochastic gradient descent (SGD) regressor as features, in order to predict the workflow similarity. We experimented with other regression models like support vector machine but SGD regressor was found to give least mean average error.
To evaluate the model, we compared the workflow similarity obtained from the regressor, to the ground truth aggregated from the responses of workers collected earlier. We found that the mean average error (MAE) observed was 0.63 on the 7-point Likert scale (approx. 9% error). Thus, the proposed model can efficiently capture workflow similarity of a task pair. Topic similarity: We propose a supervised model to compute the topic similarity of a task pair. We rely on the topic similarity labels acquired from workers for each task pair as described earlier, to learn the model. We adopted the same approach as in case of determining workflow similarity between a task pair, using the different parameters shown in Table 3 . We found that the proposed model is capable of predicting topic similarity with a mean average error (MAE) of 0.7 on 7-point scale (approx. 10% error).
Task clarity similarity: We use the task clarity model proposed in previous work by Gadiraju et al. to obtain task clarity scores for all tasks in the dataset [14] . We compute the task clarity similarity using Eq. 2.
Task complexity similarity: Similarly, we use the task complexity model proposed in previous work by Yang et al. to obtain task complexity scores for all tasks in the dataset [26] . We compute the task complexity similarity using Eq. 2.
Datatype similarity: Data associated with tasks can be of different media types; audio, image, video, textual in nature, or a combination of these media types. Therefore considering tasks P and Q, similarity (DS) with respect to data associated with tasks can be calculated as follows -
where u and v denotes set of type of data associated with P and Q respectively and J (u,v) denotes Jaccard similarity of set u and v. The use of Jaccard similarity in this context is supported by the fact that the type of data involved in a particular task can be expressed as a set.
Similarity w.r.t. other dimensions: The absolute value of other dimensions like reward, batch size, task completion time, available time, etc. of the 61 tasks in the AMT dataset, were available along with the data used to compute similarities based on the aforementioned dimensions. Thus, similarity of a task pair with respect to these objective dimensions can be calculated using Eq. 2.
Computing the Overall Task Similarity
Based on our findings from Study I addressing RQ1, the overall similarity of a task pair can be computed as the weighted mean of similarities with respect to each of the individual dimensions described earlier (with their corresponding influences as weights). Considering two tasks P and Q, the overall task similarity S between the task pair can be obtained as follows -
where d (i) denotes the similarity score with respect to i t h dimension and w (i) denotes its corresponding influence (as shown in Table 1 ).
Results.
By computing the overall similarity of task pairs as described above, and leveraging the workflow and topic similarity prediction models, we were able to predict overall similarity of a task pair with an mean average error (MAE) of 0.68 on a 7-point Likert scale. This suggests that our proposed model can efficiently capture overall similarity of a task pair.
STUDY III : IMPACT OF TASK SIMILARITY
In this section, we aim to investigate the impact of task similarity in microtask chains on aspects such as worker retention, worker satisfaction, boredom, and fatigue.
Methodology and Task Design
To address RQ3 and understand the impact of task similarity on microtask chains, we considered three different conditions;
• Similar -In this condition, tasks are chained such that each subsequent task has a high overall task similarity with respect to the preceeding task.
• Dissimilar -In this condition, tasks are chained such that each subsequent task in the chain has a low overall task similarity with respect to the preceeding task.
• Random -In this condition, tasks are randomly chained irrespective of their overall task similarity with respect to each other.
First, we determined similar and dissimilar tasks by using the similarity scores obtained from Study II, with the help of k-means clustering. Next, we created distinct chains of 10 tasks each according to the three conditions described earlier. Tasks in the first chain were similar to each other, those in the second chain were dissimilar to each other while the third chain consisted of tasks selected at random. Table 5 presents example excerpts of task chains in the three conditions; similar, dissimilar and random).
With an aim to study the impact of task similarity in microtask chains on several aspects pertaining to workers, we deployed three different microtask chains (similar, dissimilar, and random) in otherwise identical fashion on CrowdFlower. Workers were asked to complete as many tasks in the chain as they wished to, with a constraint of the first 4 tasks being mandatory. We did so to ensure a bare minimum number of tasks being completed in the microtask chains by workers, that we could still reliably analyze in case of poor worker retention. After completing at least the mandatory first 4 tasks in the chain, workers were asked to answer questions Table 5 : Example excerpts of similar, dissimilar, and random task chains. In this example, the first task in each of the three chains is selected to be the same, to better illustrate the difference in task similarity along the task chains in the different conditions. Condition Tasks in the Chain (first 4 of 10 tasks are shown)
Similar
(1). Find a consumable product given on a particular website (2) . Find duplicate buisness names from a website (3). Find official URL of an organization (4). Find public URL of a given image . . . (10) Dissimilar (1). Find a consumable product given on a particular website (2) . Find punctuation errors in a sentence (3) . Transcribe an audio clip (4). Find address of a particular store or boutique . . . (10) Random (1). Find a consumable product given on a particular website (2) . Find punctuation errors in a sentence (3) . Rate a story with respect to its description quality (4). Find official URL of organization . . . (10) regarding their satisfaction, boredom, and fatigue on a 7-point Likert scale. Finally, workers were also asked to rate the overall similarity of tasks in the chain. To ensure reliability of responses and promote high quality, we restricted the participation to level-3 workers on CrowdFlower in each of the three microtask chain conditions. Responses from 100 distinct workers were collected and analyzed for each microtask chain condition. Workers were compensated according to the number of tasks they completed at an hourly rate of 7.5 USD.
To understand the overall impact of chaining tasks based on task similarity on the perception of workers, we acquired responses about their satisfaction with the tasks on a 7-point Likert scale from 1: Highly Disappointed to 7: Highly Satisfied. Similarly, we acquired self-reported assessments of worker boredom (from 1: Not Bored At All to 7: Highly Bored) and fatigue (from 1: Not Tired At All to 7: Very Tired), to better analyze the impact of task similarity in microtask chains. Prior works in other domains have investigated boredom [5, 23] and fatigue [16] of workers from the physical and cognitive standpoint. These works found that underutilization of cognitive resources is related to misdirection of attention resources, leading to boredom. Authors showed that fatigue can affect workers doing batches of monotonous tasks, risking a reduced well-being, and creating lower quality, unreliable data as a result. This has also formed the basis of several works in crowdsourcing that have focused on improving worker retention/engagement by reducing boredom/fatigue [7, 18, 24] . While prior works dealing with retention in microtask crowdsourcing have focused on batches of similar tasks with respect to a single dimension of similarity (that of the task objective, for example a batch of image tagging tasks), we investigate boredom, fatigue and worker retention based on our holistic definition of overall task similarity.
To verify the authenticity of task similarity in our task chain conditions, we also acquired responses from workers regarding their perceived task similarity of the set of tasks they completed in the chain (from 1: Highly Dissimilar to 7: Highly Similar).
Results

Worker Retention.
Worker retention can be defined as the fraction of tasks that workers complete on average, from a given batch of tasks available to them. Since the first 4 of the available 10 tasks were made mandatory, we analyze worker retention in the remaining tasks in the batch. Figure 1 presents the percentage of workers who completed a given number of tasks in the chain across the three conditions. Interestingly, we found that on average worker retention is greatest in the task chain with the random task similarity condition (M=33.69, SD=10.48), when compared to that in the task chain with similar condition (M=27.59, SD=10.53), and the task chain with dissimilar task similarity condition (M=21.57, SD=13.34). We conducted a one-way between workers ANOVA to compare the effect of task similarity in microtask chains on the worker retention across the three conditions. We did not find a significant effect of task similarity in the chains on worker retention.
We note that in the random condition 21.5% of the workers completed all the tasks available to them, compared to 19.54% of workers in the similar condition. In contrast, not a single worker completed all the 10 tasks available to them in the dissimilar condition; 16.47% of workers completed 9 tasks. We reason that the random condition resulted in greater worker retention due to a balance between arousing worker interest through dissimilar tasks and maintaining continuity through similar tasks. Prior works that have suggested micro-diversions or breaks to increase worker engagement lend support to this finding [6, 24] .
Worker Accuracy.
We analyzed the accuracy of workers across the different task chain conditions, and conducted a one-way between workers ANOVA to measure the effect of task similarity in the microtask chain on the accuracy of workers. We found a significant effect of task similarity in the chain on the accuracy of workers across the three conditions at the p < .001 level; F(2,261)=30.35. Posthoc comparisons using the Tukey-HSD test revealed that workers in the similar condition performed with a significantly higher accuracy on average (M=79.68, SD=16.96), in comparison to workers in the dissimilar condition (M=61.42, SD=16.68), and those in the random group (M=70.32, SD=12.11) with p < .01. We also found that workers in the random condition performed significantly more accurately than those in the dissimilar condition with p < .01. Figure 2 presents the average accuracy of workers with respect to the number of tasks they completed in the chain across the three different task similarity conditions. We found that the average accuracy of workers in the similar condition is comparatively higher than those in the other conditions, when considering workers who completed 5 or more tasks in the chain of 10 tasks.
Task Completion Time.
To compare the effect of task similarity on the task completion time of workers across the different conditions, we conducted a one-way between workers ANOVA. Results confirmed a significant effect of task similarity on the task completion time of workers at the p < .001 level; F (2, 297) = 18.99. Posthoc comparisons revealed that workers take significantly more time on average to complete the task chains corresponding to the dissimilar (M=15.67 mins, SD=6.57) and random (M=15.51 mins, SD=1.83) conditions when compared to the similar condition (M=11.77 mins, SD=5.55) at the p < .01 level. Since worker retention varied across the different conditions (i.e., workers completed different number of tasks in the different conditions on average), we also computed the average time workers took to complete a single task in the chain. Once again, we found that workers in the dissimilar condition took more time to complete a single task (M=2.21 mins, SD=1.04) than workers in the similar (M=2.13 mins, SD=1.21), or the random condition (M=2.02 mins, SD=1.08). These differences were not found to be statistically significant. Session 4: User Behaviour HUMAN'18, July 9, 2018, Baltimore, MD, USA 5.2.4 Overall Task Similarity and Worker Satisfaction. Next, we analyzed the responses of workers to the questions regarding their perception of the overall task clarity of the task chains, and their corresponding satisfaction on 7-point scales. Our findings are presented in Figure 3 . We found that workers rated the overall task clarity of tasks in the similar chain to be higher (M=3.82, SD=1.67) than that in the dissimilar (M=3.61, SD=1.65) or random chain (M=3.67, SD=1.47). Workers exhibited a higher satisfaction with tasks in the random chain (M=5.49, SD=1.31) in comparison to those in similar (M=5.06, SD=1.62) and dissimilar chains (M=5.16, SD=1.41). However, multiple T-tests revealed a lack of statistical significance between these comparisons. worker fatigue across the three task chain conditions.
Boredom and Fatigue.
We found that workers in the similar task chain (M=3.38, SD=1.78) experienced the most fatigue while those performing the dissimilar tasks experienced the least fatigue (M=3.16, SD=1.80). Workers in the random chain corresponded to a fatigue of (M=3.37, SD=1.74). We did not find a statistically significant difference between these comparisons using a one-way between workers ANOVA.
We conducted another one-way between workers ANOVA to compare the effect of task similarity in chains on worker boredom. Results confirmed a significant effect of task similarity on boredom at the p < .05 level; F (2, 297) = 3.068. Post-hoc comparisons using the Tukey-HSD test confirmed that workers experience most boredom while completing a chain of similar tasks (M=3.90, SD=1.64), followed by chain of random tasks (M=3.30, SD=1.75) and least while doing a chain of dissimilar tasks (M=3.58, SD=1.72). The difference between the boredom experienced by workers in the similar and dissimilar chain conditions was found to be statistically significant at the p < .05 level. This is in line with our intuitive expectations as discussed earlier. Prior studies in behavioral psychology prove that repeatedly performing tasks which are similar to each other reduces the interest of workers and induces boredom [5, 23] .
CONCLUSIONS AND FUTURE WORK
In this paper, we investigated the role of task similarity in microtask chains and how it affects worker performance. We successfully identified different similarity dimensions and their influences. Using a supervised model, we were able to model overall task similarity of a task pair. Next, we studied the impact of task similarity in microtask chains on worker retention, satisfaction, boredom and fatigue.
Our studies reveal that ordering tasks in a chain according to overall task similarity results in improved accuracy, but at the cost of inducing boredom. This paper points at the necessity of striking a balance between similarity and dissimilarity in a chain of tasks so as to bring forth better engagement of workers. Our findings enrich the current understanding of crowd work and bear important implications on structuring workflow. Further studies into the similarity dimensions will help us in striking a better balance during task chaining and is reserved for future work.
